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Abstract
A growing body of literature suggests a need to incorporate both correlation- and
distribution-related information into conservation investment decisions with multiple
benefits. This study identifies optimal spatial targets and their budget distributions of
payments for ecosystem services (PES), as well as the tradeoff relationships under
multiple-objective scenarios of maximizing forest-based carbon sequestration,
maximizing forest-dependent biodiversity, and maximizing economic impact.
Specifically, this study investigates how the spatial targets, their budget distributions, and
tradeoff relationships are affected by correlations among multiple objectives and their
statistical distributions in terms of return on investment (ROI) by focusing on 231
counties in the eight states of the Central and Southern Appalachian Region of the United
States. This study finds that (1) negative correlations between economic impact ROI and
ROI associated with ecosystem service and biodiversity are explained by higher
economic multipliers in urban areas than in rural areas, (2) the amount of compromise
needed for carbon or biodiversity for a marginal gain of economic impact is relatively
low, and (3) the greater the weight on the objective of maximizing economic impact—
whose ROI on average stochastically dominants the ROIs of the other two objectives
(i.e., ROIs of maximizing carbon and biodiversity)—the smaller the number of counties
optimally targeted for funding. The finding suggests that assigning positive weight to an
objective that encourages positive economic impact as a new objective in the design of
existing PES programs makes sense. The revision of the PES design needs to be
undertaken carefully to avoid unintended consequences such as a large distribution of the
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funding budget going to urban areas and a small number of target areas, both of which
may raise potential distributional equity concerns.
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Chapter 1: Introduction

1

The adverse effects of human activities on ecosystem services, including water,
air, and land, are innumerable. The rise of anthropogenic greenhouse gas emissions
through human activities has accelerated global warming and, in turn, caused increased
risks of extreme weather events, biodiversity loss, declining crop yields, and rising sea
levels (IPCC, 2018). According to the UN Intergovernmental Science-Policy Platform on
Biodiversity and Ecosystem Services (IPBES, 2019), 1 million species face the risk of
extinction, mainly due to human activities. Conservation of private land has been
commonly confirmed to alleviate such negative impacts through different design
approaches, including payments for ecosystem services (PES) (Babcock et al., 1997;
Hanley et al., 2012; Bryan, 2013).
PES are widely recognized as financial incentives offered to private landowners
as ecosystem providers by ecosystem users typically represented by conservation
agencies (or governments) (Wunder, 2015). PES often focus on forestland because it
provides a diverse array of ecosystem services, including recreational, aesthetic open
space, biodiversity conservation, provision of clean water and air, soil health, and carbon
sequestration (Kline et al., 2004; Pouta, 2005). Forests are home to 80% of global
terrestrial biodiversity, and they have absorbed as much as 30% of annual global
anthropogenic carbon emissions over the last few decades (Aerts and Honnay, 2011;
Bellassen and Luyssaert, 2014). For example, in the United States, the Appalachian
forests in the Southeast provide habitats to 15,000 different wildlife species, and the
nation’s forestlands offset 10–20% of the United States’ carbon emissions each year
(Ryan et al., 2012; Normann and Valdes, 2017).
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Typically, payments are processed through reverse auctions, where private
landowners compete to supply ecosystem services for bid amounts agreed to be paid by
conservation agencies. Asymmetric information in opportunity costs makes it challenging
to design PES capable of differentiating between lands that differ in the opportunity costs
of protecting ecosystem services and/or between landowners who differ in their
willingness-to-accept (WTA) payment to either afforest or refrain from deforesting land.
An array of literature exists focusing on the effectiveness of programs that account for
spatial heterogeneity in the ability of landowners to either afforest or refrain from
deforesting land (Babcock et al., 1997; Chen et al., 2010; Duke et al., 2014). Such
literature has typically dealt with the opportunity costs and ecological benefits of
conservation investment for spatial targeting and its distribution decisions (Hanley et al.,
2012; Wu and Yu, 2017; Cho et al., 2019).
While effective spatial targeting has attracted a great deal of interest in PES
design and implementation, a slightly different research thrust has been developed. The
new approach focuses on basing PES decisions on multiple benefits as objectives. Such
literature has evolved because PES often serve multiple objectives, including the
encouragement of efficient conservation and positive socioeconomic impacts (Bulte et
al., 2008; McShane et al., 2011; Sims et al., 2014; Cho et al. 2019). This branch of
literature can be categorized into two groups. The first focuses only on the benefits of
biodiversity and ecosystem services, while the second focuses on biodiversity, ecosystem
services, and socioeconomic benefits. The former, ecology-oriented literature, aims to
understand how correlations among different kinds of biodiversity and ecosystem
services and/or distribution of ecosystem services can be used to improve the
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effectiveness of spatial targeting (Locatelli et al., 2014; Paracchini et al., 2014; Turner et
al., 2014; Tomscha and Gergel, 2016; Birkhofer et al., 2018; Lyu et al., 2019). The latter,
economics-oriented literature, focuses on tradeoff relationships between biodiversity and
ecosystem services as well as socio-economic benefits, such as economic impact and
distributional equity (Polasky et al., 2008; Pascual et al., 2010; Alix-Garcia et al., 2015;
Wu and Yu, 2017; Cho et al., 2019).
Despite the independent contribution to the branches of literature mentioned
above, the need to incorporate correlation- and distribution-related information into PES
decisions with multiple benefits of both biodiversity and ecosystem services, as well as
socioeconomic benefits that extend beyond biodiversity and ecosystem services, is a clear
objective. For example, incorporating positively associated biodiversity and ecosystem
services as objectives in PES planning and decision-making processes helps identify
valuable conservation synergies (Chan et al., 2006); however, conservation decisions
based on such references would not incorporate socioeconomic benefits as decision
factors. This gap in the literature needs to be addressed because PES decisions often
struggle to achieve multiple objectives that balance conserving biodiversity and
ecosystem services while also providing positive economic impact (McShane et al.,
2011).
The purpose of the research is to supplement the previously mentioned literature
gap by examining how different correlations among multiple objectives, that are
estimated by their return on investment (ROI) (i.e., benefit per dollar spent) and their
statistical distributions reflected in stochastic dominances, result in different optimal
spatial targeting for PES and its subsequent tradeoff relationships. As a case study, this
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study identifies optimal spatial targeting and their budget distributions between the two
objectives and how they are affected by the third objective, where the weight on the third
objective is altered, in the Central and Southern Appalachian Region of the United States.
Furthermore, this study estimates the tradeoff relationships between the two objectives by
drawing multiple tradeoff frontiers between two objectives, where the weight on the third
objective is altered. Hence, this study estimates tradeoff relationships among all three
competing objectives and how they are affected by correlations among multiple
objectives and their statistical distributions. This examination considers two
circumstances with multiple objectives of conserving forestland by offering PES to
landowners with different correlations, namely (a) the correlation between the ROI of
biodiversity and an ecosystem service as in the ecology-oriented literature, and (b) the
correlation between the ROI of biodiversity or an ecosystem service and the ROI of a
socioeconomic benefit as in the economics-oriented literature. In doing so, this study
helps us understand multi-objective conservation investment decisions and the
subsequent tradeoff relationships, and how they are affected by correlations among
multiple objectives and their statistical distributions.
The aforementioned multi-objective optimization is framed at the county level
because allocating the budget for larger geographic areas is an essential first step, with
direct payments to landowners within a larger geographic area typically being equal per
unit area. For example, the U.S. Department of Agriculture’s Conservation Reserve
Program (CRP) specifies maximum rental payments per acre at the county level in
exchange for fallowing land and planting species to improve environmental quality
(Baker and Galik, 2009). The county-level budget distributions assume that conservation
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agencies would decide the allocation of a county’s portion of the conservation funds
before an individual-level enrollment decision is made.
This study identifies optimal spatial targets and their budget distributions at the
county level under multiple-objective scenarios using the cost of the PES for the ROI
estimates. The conservation cost often relies on proxies, including survey data, land price
information, and return of agricultural and timber rent because of considerable challenges
in acquiring them (Moore et al., 2004; Polasky et al., 2008; Chiozza et al., 2010). Given
my data availability, the cost of PES in this study is estimated by the return to forestland
from timber production as forestland owners would have to take timberland out of
production to enroll in PES. However, forestland owners may also consider differences in
the return to forestland and the return from urban use as its best alternative use (referred
to as “relative opportunity cost”). For a sensitivity test, this study chooses the relative
opportunity cost as the cost of the PES. This study chooses urban use as a competing land
use because deforestation in the study area is dictated more by conversion to urban use
than conversion to agricultural use. For example, more than half (or 1.90 of 3.65 million
hectare) of conversion from other land use to urban expansion was from forestland while
less than 1% of forest loss was for agricultural use in the eastern U.S. ecoregions during
1973–2000 (Drummond and Loveland, 2010).
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Chapter 2: Literature Review

7

The correlations among multiple benefits as conservation objectives have become
important considerations for spatial targeting and its budget-distribution decisions
(Rodríguez et al., 2006; Deng et al., 2016). As mentioned above, the ecology-oriented
literature typically focuses on the synergic relationship between biodiversity and
ecological benefits as conservation objectives (Raudsepp-Hearne et al., 2010; Willemen
et al., 2010; Maes et al., 2012; Balvanera et al., 2013; Locatelli et al., 2014; Turner et al.,
2014; Schwarz et al., 2017; Lecina-Diaz et al., 2018; Vallet et al., 2018; Lyu et al., 2019),
whereas the economics-oriented literature commonly focuses on tradeoffs between
biodiversity or ecosystem services and socioeconomic benefits (Lester et al., 2013; AlixGarcia et al., 2015; Wu and Yu, 2017; Sabzi et al., 2019).
Closely related to the ecology-oriented literature are many studies that map the
spatial distribution of benefits of individual ecosystem services (Paracchini et al., 2014;
Lecina-Diaz et al., 2018; Lyu et al., 2019). Results from such studies help to create
overlapping maps for multiple ecosystem benefits that can be used to identify the spatial
areas for the synergic relationship. Using those maps, many studies have investigated the
correlation coefficients between multiple benefits on the basis of distribution-related
information (Raudsepp-Hearne et al., 2010; Turner et al., 2014; Vallet et al., 2018). The
“hotspots” of high benefits for multiple objectives with positive correlation coefficients
(Willemen et al., 2010; Locatelli et al., 2014; Turner et al., 2014) and spatial clusters of
negatively correlated biodiversity and ecosystem services (Chan et al., 2006) are
identified.
In summarizing the correlation among the benefits of ecosystem services, Turner
et al. (2014) classified ecosystem services into three categories: (a) regulatory ecosystem

8

services, which are related to moderating human-induced environmental changes such as
wetland water purification and forest and soil organic carbon storage; (b) provisioning
ecosystem services, which provide materials or energy for human use such as livestock
production, crop production, and drinking water; and (c) cultural ecosystem services,
which are associated with non-material benefits obtained through recreation, tourism,
nature appreciation, and hunting. Given the classification, the authors found positive
correlations within each category and between categories (a) and (c) as synergic
relationships. They found negative correlations between categories (a) and (b) as
tradeoffs.
Furthermore, principal component analysis was used to simultaneously consider
various correlation combinations between ecosystem services by bundling analogous
ecosystem services that have similar correlational patterns with other ecosystem services
(Maes et al., 2012; Turner et al., 2014). In particular, Maes et al. (2012) bundled 10
ecosystem services into crop, livestock, water and soil services, and forest services based
on the correlation between each ecosystem service and three principal components that
indicated the gradient of land type (i.e., the first, second, and third components
represented the gradient from forestland to arable land, toward wetlands and several types
of natural and semi-natural areas, and toward pasture, respectively). Consequently, the
authors expressed this association with a graph showing the relationship between
biodiversity indices and bundled ecosystem services. In turn, they found that each
provision for a bundled ecosystem service initially increases when biodiversity indices
increase, but that, after reaching a peak point, the bundled ecosystem service starts to
decrease.

9

The aforementioned, mainly ecology-oriented literature investigates correlations
between ecosystem services and their statistical distributions in terms of benefit
functions. Meanwhile, a set of literature focusing on tradeoffs between biodiversity or
ecosystem services and socioeconomic benefits accounts for costs as well as benefits,
typically in the form of ROI. Such studies have frequently drawn tradeoff frontiers
between the conflicting objectives of ecological protection and socioeconomic goals
(Pascual et al., 2010; Wu and Yu, 2017; Cho et al., 2019). The points along the frontiers
are Pareto optimal because biodiversity or ecosystem services cannot be increased
without sacrificing socioeconomic benefits and vice versa. The tradeoff frontiers have
commonly been found to be concave (Polasky et al., 2008; Lester et al., 2013; Cho et al.,
2019). The concave relationship is characterized to have decreasing marginal benefit
achievements for one objective, assuming the same amount of compromise of benefits for
another objective; however, the tradeoff relationship is found to differ depending on how
the benefit functions and budget-allocating scenarios are defined (Nelson et al., 2008;
Alix-Garcia et al., 2015; Sabzi et al., 2019).
With respect to the methods used to estimate the synergic or tradeoff relationships
mentioned above, the literature can be divided into two groups: one dealing with a
comparison of multiple benefits and the other dealing with single or multi-objective
optimization framework (see Table 2.1). The former focuses on comparing multiple
benefits under different conservation strategies to identify their synergic or tradeoff
relationships for spatial conservation targeting (Narloch et al., 2011; Lester et al., 2013;
Alix-Garcia et al., 2015). The latter establishes a single or multi-objective optimization
framework using linear programming, Pareto optimization, and multi-criteria decision
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analysis (Cheung and Sumaila, 2008; Polasky et al., 2008; Schwenk et al., 2012; Halpern
et al., 2013; Mönkkönen et al., 2014; Cordingley et al., 2016; Dhaubanjar et al., 2017;
Wu and Yu, 2017; Cho et al., 2019; Sabzi et al., 2019; Soh and Cho, 2019).
Among the optimization methods used in the literature, some used a singleobjective framework, while others used a multiple-objective framework. The singleobjective view is commonly framed to maximize ecological benefit with a socioeconomic
constraint, which is adjusted to draw synergic or tradeoff relationships. For example,
Polasky et al. (2008) set a single objective for maximizing the expected number of
species with a constraint of economic scores that represent economic impacts of land
uses. By adjusting the constraint, the authors reveal the tradeoff relationship between
biodiversity and economic impacts. Likewise, Wu and Yu (2017) set a single objective
for maximizing the total environmental benefit, including soil erosion reduction with a
constraint on the target level of equity. By adjusting the equity constraint, the authors
reveal the tradeoff relationships between conservation cost-efficiency and equity.
The multiple-objective framework typically employs multi-objective optimization
tools to identify optimal spatial targets and their budget distributions or to evaluate
different tradeoff relationships with different weights between pairs of objectives that are
used to draw efficient frontiers. For example, Cheung and Sumaila (2008) used weighted
sum multi-objective optimization for estimating tradeoff relationships between different
pairs of objectives associated with minimizing ecological loss and maximizing socioeconomic benefit from fisheries. Under a similar framework, Cho et al. (2019) used the
MINIMAX approach to draw concave-shaped Pareto optimal frontiers between forest
carbon storage and economic impacts triggered by PES. Likewise, Schwenk et al. (2012)
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applied a multi-criteria decision analysis to investigate optimal combinations of
management policies under the multiple objectives of maximizing forest carbon storage,
maximizing biodiversity, and maximizing timber production. Mönkkönen et al. (2014)
also adopted an epsilon-constraint method to draw concave-shaped Pareto optimal
frontiers under the multiple objectives of habitat availability for six vertebrate species and
economic return from timber production.
Numerous studies have investigated correlations among biodiversity and
ecosystem services, as well as their spatial distribution and tradeoff relationships between
biodiversity or ecosystem services and socio-economic benefits for the spatial targeting
of conservation priorities in separate branches of literature. That said, no studies have
focused on analyzing in a single framework the role of both correlation- and distributionrelated information in conservation investment decisions with multiple combinations of
benefits from biodiversity, ecosystem services, and socioeconomic impact.
This study fills the gap in the literature by examining how different correlations
among the ROIs and their stochastic dominances of the multiple objectives of
maximizing biodiversity, ecosystem services, and socioeconomic impact affect spatial
targets, budget distributions, and tradeoff relationships. The correlations reveal the
synergic or tradeoff relationship among multiple objectives while the stochastic
dominance information uncovers the distributional aspects of spatial targeting. The
collective new knowledge will provide a useful decision-making reference to improve or
modify PES by anticipating the efficiency and equity consequences of introducing the
socioeconomic objective into the design.
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The weighted-sum method is used as a multi-objective optimization tool by
assigning different weights to each objective through combinations of hypothetical
weight scenarios. Multi-objective optimization is a useful approach to calculate the
Pareto optimal solution in a single frame (Jakob and Blume, 2014). The weighted-sum
method for multi-objective optimization is the most intuitive and simplest approach to
provide a Pareto optimal solution compared to other methods, including the MINIMAX
and epsilon-constraint methods (Marler and Arora, 2010). In particular, the weighted-sum
method can obtain Pareto optimal solutions under the arbitrary-weight combinations for
multiple objectives without complex processes (Jakob and Blume, 2014).
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Chapter 3: Method and Data
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This study develops optimization frameworks for the three multiple-objective
(i.e., maximizing forest-based carbon sequestration, maximizing forest-dependent
biodiversity, and maximizing economic impacts) for PES with different weights assigned
to each of the objectives for the 231 counties of the eight states in the Central and
Southern Appalachian Region of the United States (see Figure 3.1). The region accounts
for around 20% of the forested area in the U.S., and supports a large number of endemic
species (Pickering et al. 2003), and is becoming increasingly important as a significant
carbon sink (Hayes and Turner, 2012). Given the region’s socioeconomic conditions
(Porras et al., 2013), forest-based PES will result in spatially varying economic impacts.
The potential maximum estimates of three benefit measures (i.e., forest-based
carbon sequestration, forest-dependent biodiversity, and economic impacts) triggered by
PES are needed to solve the optimization problems. Also required are their corresponding
costs, which allow the required budgets for PES to be estimated (see Table 3.1 for
descriptive statistics of input data for the optimization problems).
Quantification of the benefit and cost measures at a particular point in time
requires a timeframe that offers all the data required for the analysis. Because of the wide
variety of data needed, I did my best gather data whose timeframe is reasonably
consistent. The cost, carbon-sequestration, and land-use data are collected for 2011;
biodiversity data and climatic data for 2011 are estimated using historical occurrence data
of species for 1950-2010 (USGS, 2019; GBIF, 2020; VertNet, 2016) and the climatic data
for 1971–2000 (Wang et al., 2016), respectively; and 2015 economic impact data
(IMPLAN, 2020) are adjusted to 2011 by using state-level per capita GDP (U.S. BEA,
2020). Matching historical occurrence data of species and climate data with other 2011
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data is not problematic given the assumption of relatively stable climatic suitability for
biodiversity over the study area for the period (Lv and Zhou, 2018).
A brief overview of empirical procedures is provided as follows. First, the area of
eligible forestland for PES within the study area is estimated. Then, this study estimates
the maximum available potential forest-based carbon storage, forest-dependent
biodiversity, and total value-added triggered by net proprietary income through PES at
the county level. This study also estimates each county’s required budget to fully protect
the eligible forestland areas by aggregating return to forestland assuming the cost of PES
is proxied by the return to forestland. Using the benefit and cost estimates and the
required budget, this study identifies optimal spatial targets and their budget distributions
for three multiple-objective scenarios. Finally, this study develops tradeoff frontiers and
investigates how correlations among the objectives and statistical distributions of the
objectives affect their tradeoff relationships.

3.1. Estimating eligible forestland
This study estimates the area of eligible forestland in 2011 at the county level
using the National Land Cover Database (NLCD), which classifies 20 categories of land
cover at the 30-meter by 30-meter pixel level (USGS, 2016). The NLCD classifications
of deciduous forest, evergreen forest, and mixed forest are regrouped as forestland. This
study assumes that eligible forestland is defined as private forestland, which is not
protected by public or private entities. Based on the assumption, all forestlands eligible
for PES are identified and their areas are aggregated at the county level after excluding
any forestland falling in publicly or privately owned and permanently protected areas
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using the Protected Areas Database of the United States (USGS GAP, 2016) (see Figure
3.1).

3.2. Estimating forest-based carbon sequestration
This study focuses on forest-based carbon storage as an ecosystem benefit
measure. This study projects long-run average forest carbon storage for each 1 km2 of
eligible forestland in 2011 NLCD land cover data using a process-based ecosystem
simulator designed for terrestrial ecosystem modeling (TEM), developed by Guangsheng
Chen (unpublished results). These values are multiplied by the eligible forestlands for
each county to be used as the maximum available potential forest-based carbon storage.
The TEM is used to simulate the carbon, nitrogen, and water dynamics of vegetation and
soil in terrestrial ecosystems (Hayes et al., 2011; Chen et al., 2017). The TEM estimates
the amount of monthly carbon storage under spatially specific climate, elevation, soil,
and vegetation at the cohort level (i.e., adjoining vegetation type) by combining the
outcome from TEM and carbon gains from photosynthesis and carbon losses (see S.1. in
the supplementary material for details on the TEM). The carbon storage value is
annualized with a 5% discount rate and 100 years horizon.

3.3. Estimating forest-dependent biodiversity
The present suitable habitat areas of forest-dependent species in the Central and
Southern Appalachian Region are estimated at the 1 km2 level using Maxent modeling,
which predicts geographic species distribution and ecological niches of species using
historical occurrence data of species (i.e., 1950 to 2010), and average climate data, which
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is related to temperature and precipitation, developed by Gengping Zhu (unpublished
results) (Harte et al., 2009; Warren and Seifert, 2011). It focuses on 258 terrestrial
vertebrates (i.e., mammals, birds, reptiles, and amphibians) that are designated as
endangered forest-related species by state or federal governments in the region, which are
derived from U.S. Fish and Wildlife Services (2020), Landscape Conservation
Cooperative Network (2020), and USGS Science Analytics and Synthesis (2020). The
species occurrence data are obtained from the USGS (2019), GBIF (2020), and VertNet
(2016) and the climatic data for 1971–2000 are obtained from ClimateNA for Maxent
modeling (Wang et al., 2016) (see S.2 in the supplementary material for details on
Maxent modeling).
The present suitable habitat areas for 258 species that are estimated at the 1 km2
level by Maxent modeling are aggregated at the county level. Then, the aggregated
suitable habitat areas are converted to a single index that represents forest-dependent
biodiversity by creating 𝐻𝑖 an accumulated species range for county i, namely:
𝑏

𝑖𝑗
𝐻𝑖 = ∑258
𝑗=1 [ 𝑡 (𝑟𝑖 + 𝛼𝑢𝑖 )]

(1)

𝑖

where 𝑏𝑖𝑗 represents aggregated suitable habitat areas for species j in county i; 𝑡𝑖 , 𝑟𝑖 , and
𝑢𝑖 represent the total area, protected forest area, and unprotected forest area (i.e., eligible
forest area) of county i, respectively; and 𝛼=0.25, reflecting the ratio of weight assigned
to the unprotected forestland relative to protected forestland. The ratio of weight, 𝛼=0.25,
is multiplied by unprotected forestland in equation (1) under the assumption that any
proportion of county covered by aggregated suitable habitat area
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𝑏𝑖𝑗
𝑡𝑖

receives one-quarter

of the weight of unprotected forestland area relative to protected forestland area
(Armsworth et al., 2020). Alternative ratios of weights (𝛼=0, 0.5, and 1) are used for
sensitivity tests. The accumulated species ranges are multiplied by the ratio of eligible
forestlands to the total forestland to be used as the maximum available forest-dependent
biodiversity for protection.

3.4. Estimating economic impact triggered by PES
Typically, the economic impact is defined as the net changes in new economic
activity associated with an industry, event, or policy in an existing regional economy
(Watson et al., 2007). The analysis of economic impacts has been used to estimate effects
on a regional economy, triggered by an exogenous injection of funds to a specific
industry, business, project, and governmental policy (McNay, 2013; Dwyer et al., 2016).
Impact Analysis for Planning (IMPLAN) has been commonly has been used to estimate
the economic impacts in terms of output, total valued-added, labor income, and
employment (Hughes, 2018).
In my study, the total value-added is used as the economic impact triggered by net
proprietary income through PES because it reflects the impacts of the contribution of the
timber and logging industry on the overall regional economy (Willis and Straka, 2016).
This study uses IMPLAN version 3.0 (see S.3 in the supplementary material for details
on IMPLAN) employing the 2015 dataset to estimate net economic gains and losses from
protecting eligible forestland through PES. Specifically, this study estimated the net
economic impact by calculating total value-added from proprietary income through PES
minus the total value-added from logging that represents forest landowner’s income loss
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due to the ban on logging under the PES. The net proprietary income through PES in
2015 is converted to the 2011 dollars using state-level per capita GDP to match with
other benefits and cost data in 2011.
While the total value-added acquired from IMPLAN serves well for this study’s
empirical framework, it is important to understand the limitation of the estimates as
economic-impact measures. First, the estimated value does not reflect changes in
spending patterns associated with changes in intermediate and final goods with new
technology (McNay, 2013). Second, the estimated value does not reflect leakage of the
economic impact associated with a landowner who lives outside of a county where the
PES is enrolled. Third, the estimated value does not capture the economic benefit of the
net increase in social welfare generated through non-market activities, such as leisure,
that are typically measured in cost-benefit analysis (Dwyer et al., 2016; Watson et al.,
2007).

3.5. Estimating cost measures and required budgets
The county-level return to forestland is estimated by taking the area-weighted
average of soil expectation value (SEV) per hectare of deciduous and evergreen forests,
which requires stumpage price per hectare, timber volume per hectare, harvest rotation
for both forest types, and a discount rate (Johnston and Williamson, 2005). The stumpage
price data are collected from Timber Mart-South (2015) for six southern states (AL, GA,
NC, SC, TN, and VA), and from the Kentucky Division of Forestry (2015), and the West
Virginia Division of Forestry (2015) for KY and WV, respectively. The timber volume
data are collected from the Forest Inventory and Analysis (USDA Forest Service, 2018).
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Harvest rotations of 75 and 50 years for hardwood and softwood trees are used for
deciduous and evergreen forests, respectively, based on Smith et al. (2006), with a
discount rate of 5%. The return from its timber harvest for 2011 estimated by the SEV is
annualized with a 5% discount rate and 100-year horizon (see S.4 and S.5 in the
supplementary material for details on how the SEV and the urban return are calculated,
respectively).

3.6. Identifying optimal spatial targets and their budget distributions
Weighted-sum, multi-objective optimization (Marler and Arora, 2010) is
implemented for 15 weight combinations with 5 weight combinations for two objectives
of maximizing forest-based carbon sequestration, forest-dependent biodiversity, and
economic impact (i.e., 100%–0%, 75%–25%, 50%–50%, 25%–75%, and 0%–100%) and
3 additional weights for the remaining objective of maximizing forest-based carbon
sequestration and maximizing forest-dependent biodiversity, and economic impact as the
third objective (i.e., 0%, 25%, and 50%). Each of the 3 weights on the third objective are
paired with each of the 5 paired weights for the first two objectives. The 15 weight
combinations result from 3 pairs of objectives with 5 weight combinations each (i.e., the
pair of maximizing forest-based carbon sequestration (C) and forest-dependent
biodiversity (B) [referred to as the “C–B pair”], the pair of maximizing forest-based
carbon sequestration and economic impact (E) [referred to as the “C–E pair”], and the
pair of maximizing forest-dependent biodiversity and economic impact [referred to as the
“B–E pair”]). For example, given a 25% weight on maximizing economic impact as the
third objective, the rest of weight (75%) is split between maximizing forest-based carbon
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sequestration and forest-dependent biodiversity with 5 weight combinations for the pair
of objectives. Subsequently, the three-way weight splits among the objectives of
maximizing forest-based carbon sequestration, forest-dependent biodiversity, and
economic impact are, respectively, 75%–0%–25%, 56.25%–18.75%–25%, 37.5%–
37.5%–25%, 18.75%–56.25%–25%, and 0%–75%–25%. The other three-way weight
combinations are also structured in the same manner.
The single-objective optimizations for maximizing forest-based carbon
sequestration (Max C), forest-dependent biodiversity (Max B), and economic impact
(Max E) are shown in equations (2)–(4).
Max 𝐶 = ∑231
𝑖=1 𝑐𝑖 × 𝑥𝑖

(2)

Max 𝐵 = ∑231
𝑖=1 𝑏𝑖 × 𝑥𝑖

(3)

Max 𝐸 = ∑231
𝑖=1 𝑒𝑖 × 𝑥𝑖

(4)

where 𝑐𝑖 , 𝑏𝑖 , and 𝑒𝑖 are ratios of the respective maximum achievable values for county i
to the greatest respective maximum achievable county values among the 231 counties;
and 𝑥𝑖 is a decision variable denoting the ratio of optimal forestland enrolled in PES to
the total eligible forestland in each county i. This study uses the ratios subject to the
maximum achievable values as normalized objective values in equations (2), (3), and (4)
to avoid the potential scale problem caused by different units of the objective values (i.e.,
metric tonne, hectare, and US dollar).
Other possible normalization methods include Min-Max normalization and Z–
score normalization (Raschka, 2014). However, those two normalization methods are not
suitable for my optimization framework. For example, the Min-Max method distorts the
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dispersions of the distributions, which are estimated by coefficient of variation (CV =
standard deviation of the distribution divided by its mean), associated with the three
benefit and cost measure of the three objectives. The Z-score normalization has the
properties of a standard normal distribution, with mean 0 and the standard deviation 1
(Raschka, 2014). The method converts each initial value by subtracting the mean of
initial values and then dividing the standard deviation. The method yields negativenormalized objective values, which are inappropriate for the optimization framework.
Since the optimal ratios are unitless, they can be readily used in the multiobjective optimization problem for the maximization of weighted sum of a single unitless
value, i.e., Multi, as follows:
Max 𝑀𝑢𝑙𝑡𝑖 = {(𝑤𝑐 × 𝐶) + (𝑤𝑏 × 𝐵) + (𝑤𝑒 × 𝐸)}

(5)

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜
𝑤𝑐 + 𝑤𝑏 + 𝑤𝑒 = 1

(6)

0 ≤ 𝑥𝑖 ≤ 1

(7)

∑𝑖(𝑅𝑖 × 𝑥𝑖 ) ≤ 𝐷

(8)

where 𝑤𝑐 , 𝑤𝑏 , and 𝑤𝑒 are the three-way weight splits for the respective objectives; 𝑅𝑖 is
the ratio of budget required to enroll all eligible forestland in county i to the greatest
budget required to enroll all eligible forestland from among the 231 counties; and D is the
ratio of a hypothetical budget constraint, i.e., 10% of the total budget required to enroll
all eligible forestland in the 231 counties (or $6.16M), to the greatest total budget
required to enroll all the eligible forestland from among the 231 counties. Alternative
budget constraints (i.e., 5% and 15% of the total budget required to enroll all eligible
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forestland in the 231 counties) are used for sensitivity tests.
Equation (6) indicates that the sum of the three-ways weight splits should be
equal to 1, equation (7) stands for non-negativity (i.e., less than or equal to 1) of 𝑥𝑖 , and
equation (8) implies that the budget required for enrolling forestland cannot exceed the
hypothetical budget constraint. The decision variable obtained from the optimization
problem, 𝑥𝑖 , for county i, is multiplied by the total respective maximum achievable value
for county i. Then, the respective optimal budget allocations are mapped selectively to
visually highlight the spatial variations of a set of target counties and their budget
distributions. Finally, those respective values are summed up for each objective and are
plotted to draw the tradeoff frontiers as described in the following section.

3.7. Drawing tradeoff frontiers
The tradeoff frontiers between the pairs of objectives were drawn for 3 pairs of
objectives (i.e., C–B, C–E, and B–E pairs) for 3 altering weights on the third objective (as
shown in Figures 3.2 and 3.3). The weighted-sum multi-objective optimization was run
45 times for 15 hypothetical weight scenarios (i.e., 5 for each of the 3 tradeoff frontiers
for 3 altering weights on the third objective) for each of the 3 pairs of objectives. The 5
optimal points for each of the 3 altering weights are connected to draw 3 efficient
frontiers for 3 pairs of objectives. In addition, 3 efficient frontiers for the pair of
maximizing forest-dependent biodiversity and forest-based carbon sequestration (referred
to as “B–C pair”) are added to the 3 pairs of objectives by transposing the position of C
and B from the C–B pair. The 3 efficient frontiers for the B–C pair are added, assuming
that if maximizing forest-based carbon sequestration is the initial objective, maximizing
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forest-dependent biodiversity can be added as the complementary objective, or vice
versa. However, the other two pairs (i.e., C–E pair and B–E pair) are not transposed
because the PES would consider maximizing economic impact as the complementary
objective on top of the objective to maximize ecosystem services or biodiversity, but not
the other way around.
Once the 3 efficient frontiers are structured for the 4 pairs of objectives (i.e., C–
B, B–C, C–E, and B–E pairs; see Figures 3.2 and 3.3), the tradeoff ratios are calculated,
using the concept of elasticity (i.e., edge, arc, and tail elasticity) following Ando et al.
(2018). The edge elasticity is defined as the percentage loss of one objective (shown on
the y–axis) for a 1-percent increase of the other objective (shown on x–axis) from the
initial weight combination (i.e., 100%–0%). The arc elasticity is defined as the
percentage loss of one objective (shown on the y–axis) for the increase of the other
objective (shown on the x–axis) from the initial weight combination (i.e., 100%–0%) to
mid-weight combination (i.e., 50%–50%). The tail elasticity is defined as the percentage
loss of one objective (shown on the y–axis) for the increase of the other objective (shown
on the x–axis) from the mid-weight combination (i.e., 50%–50%) to the last weight
combination (i.e., 0%–100%). By analyzing how edge, arc, and tail elasticity change over
4 pairs of objectives for 3 altering weights on the third objective, this study investigates
how the tradeoff relationships are affected by their correlations and stochastic
dominances.
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Chapter 4: Results and Discussion
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Figure 4.1 presents scatter plots of the ROIs between three pairs of three
objectives (i.e., C–B, C–E, and B–E pairs). The correlation coefficient between the ROI
of forest-based carbon sequestration (i.e., the total available carbon storage from eligible
forestland divided by the required budget to fully protect the eligible forestland area,
referred to as “carbon ROI”) and ROI of forest-dependent biodiversity reflected in the
accumulated species range for 258 species (i.e., the total accumulated species range
divided by the required budget to fully protect the eligible forestland area, referred to as
“biodiversity ROI”) is 0.60 and is significant at the 5% level. The significantly positive
correlation shows that, for any given opportunity cost, 60% of forestlands that store large
amounts of carbon also are suitable for diverse species. The finding aligns with previous
reports of a positive correlation between carbon stocks and biodiversity (Strassburg et al.,
2010; Di Marco et al., 2018).
On the other hand, the correlation coefficients between the ROI of economic
impact (i.e., the total value added triggered by net proprietary income divided by the
required budget to fully protect the eligible forestland area, referred to as “economic
impact ROI”, also commonly referred to “economic multiplier”) and carbon ROI, and
between the economic impact ROI and biodiversity ROI, are -0.13 and -0.11,
respectively, with significance at the level of 10%. The negative correlations can be
explained by the economic impact ROI (or economic multiplier) in urban areas tending to
be higher than in rural areas (Yang et al., 2018), whereas ecosystem benefits, including
carbon sequestration and biodiversity, tend to be higher in rural areas than in urban areas
(McKinney, 2002; Raciti et al., 2012).
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To reveal the effects of correlations among the three ROIs on the respective
objectives, this study investigates the results of the three single-objective optimizations
(i.e., 100% weight on the forest-based carbon sequestration, forest-dependent
biodiversity, or economic impact). Table 4.1 shows that (1) the single-objective
optimization with 100% weight on the forest-based carbon sequestration achieves
76.62% and 61.06% of the total maximum attainable forest-dependent biodiversity and
economic impact, respectively; (2) the single-objective optimization with 100% weight
on the forest-dependent biodiversity achieves 83.04% and 65.75% of the total maximum
attainable carbon sequestration and economic impact, respectively; and (3) the singleobjective optimization with 100% weight on the economic impact achieves 55.63% and
37.24% of the total maximum attainable forest-based carbon storage and forestdependent biodiversity, respectively. These findings show that the complementary
benefits achieved through the single-objective optimization aiming at the primary benefit
are always higher if the correlations between the primary and complementary benefits are
positive as opposed to negative. The finding reaffirms the previous finding that the
biodiversity hotspots also provide complementary ecosystem benefits (i.e., ecosystem
service of carbon, water, and scenic beauty) (Locatelli et al., 2014).
To reveal the effects of statistical distributions of the multiple objectives on
spatial targets, their budget distributions, and subsequent tradeoff relationships, this study
investigates the distributions of the three ROIs examined by a stochastic dominance test,
which determines the superiority of one distribution over another (DeVuyst and
Halvorson, 2004). Stochastic dominance is determined by at least one of the two criteria:
greater mean or smaller standard deviation (meaning less dispersion) between
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distributions (Zhu et al., 2016). However, the mean-standard deviation criteria (i.e.,
means of economic impact ROI, carbon ROI, and biodiversity ROI are 0.60, 0.34, and
0.16, respectively, while their respective standard deviations are 0.24, 0.16, and 0.11)
offer no conclusion about the stochastic dominance of one ROI over one or both of the
others. Alternatively, this study conducts two sets of two-sample Kolmogorov-Smirnov
tests (K-S tests) (Massey, 1951). The test results indicate that the distribution of the
economic impact ROI stochastically dominates the distribution of the carbon ROI (pvalue < 0.05), which stochastically dominates the distribution of biodiversity ROI (pvalue < 0.05). The Kernel density estimates for the distributions of the three ROIs shown
in Figure 4.2 support the results of K-S tests. The shown pattern is reflected in the CVs of
0.39, 0.46, and 0.70 for the economic impact ROI, carbon ROI, and biodiversity ROI,
respectively. According to the means, CVs, and K-S test results, this study confirms that
the stochastic dominance is in the order of economic impact ROI, carbon ROI, and
biodiversity ROI.
Figure 4.3 shows patterns of distributions of the three ROIs, carbon storage per
hectare, biodiversity per hectare, and cost of the PES per hectare that are grouped by
quintile. The maps show that the carbon and biodiversity ROIs are generally high where
the cost of the PES per hectare is relatively low and where the carbon and biodiversity
benefits per hectare are relatively high as shown in the blue oval, which is positioned
approximately in the Great Appalachian Valley that crosses the borders of Tennessee,
North Carolina, Kentucky, West Virginia, and Virginia. On the other hand, the carbon and
biodiversity ROIs are generally low where the carbon and biodiversity benefits per
hectare are relatively low and where the return to forestland per hectare is relatively high,
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as shown in the green circle that includes the counties in northern Alabama. In
comparison, the relatively high economic impact ROIs, that are driven by economic
multipliers and are free from cost of the PES per hectare, are widely distributed across
counties reflecting their stochastic dominances.
Simpson’s diversity index (McLaughlin et al., 2016) is used to quantify the
measures of spatial heterogeneity of the three ROIs. Assuming the county ROIs are
assigned to equal-interval ranges, the index is calculated as 1 − ∑ 𝑝𝑖 2 , where 𝑝𝑖 is the
ratio of the number of counties that fall within the ith equal-interval range to the total
number of counties. The index represents that the probability of two randomly selected
two counties being in two different equal-interval ranges. The higher the index value, the
more significant the spatial heterogeneity. The indexes are 0.77, 0.63, and 0.39 for
economic impact, carbon, and biodiversity ROIs, respectively. The maps in Figure 4.3
and the quantitative measures of spatial heterogeneity confirm that economic impact ROI
has more spatial variation than the carbon ROI, which has more spatial variation than the
biodiversity ROI.
Figure 4.4 shows the spatial targets and their budget distributions among counties
generated from each of the three single-objective optimization problems. The numbers of
optimal target counties for a weight of 100% on maximizing economic impact, carbon,
and biodiversity, respectively, are 20, 50, and 67. These results suggest that the optimal
budget is allocated more narrowly among the counties in the order of maximizing
economic impact, carbon, and biodiversity ROIs, which coincides with the descending
order of ROI-based stochastic dominance. Figure 4.4 illustrates that the 20 target counties
selected for a 100% weight on economic impact are scattered across Alabama, southwest
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West Virginia, west Virginia, on the border between Tennessee and North Carolina, and
northwest of South Carolina; the 50 counties selected for a 100% weight on carbon are
situated in northwest Virginia, along the borders of Kentucky, West Virginia and Virginia,
and East and Middle Tennessee; and the 67 counties selected for a 100% weight on
biodiversity are largely in three clusters (i.e., the border areas between Tennessee and
Kentucky, between Tennessee and North Carolina, and between West Virginia and
Virginia), which consist of Daniel Boone National Forest, Great Smokey Mountains
National Park, and Blue Ridge Mountains.
Based on the Moran Index (Moran’s I) (Chiang et al., 2010), which this study
used to determine spatial autocorrelation for 100% weights on economic impact, carbon,
and biodiversity, the counties selected for the objective of maximizing economic impact
have no spatial autocorrelation (Moran’s I = -0.04, p-value = 0.30), the counties selected
for the objective of maximizing carbon storage have spatial autocorrelation at the 10%
level (Moran’s I = 0.07, p-value = 0.06), and the counties selected for the objective of
maximizing biodiversity have spatial autocorrelation at the 1% level (Moran’s I = 0.10, pvalue < 0.01). These findings suggest that investing in PES that targets biodiversity is
most effective if done for clusters of areas because contiguity is one of the most
important elements for successful habitat protection for many species (Fischer and
Church, 2003).
Of the selected counties for the objective of maximizing economic impact, 74%
are metro counties, with an average elevation of 475 meters, a forestland ratio of 54%
and a protected-area ratio of 17%. Of the selected counties for the objective of
maximizing carbon storage, 44% are metro counties, with an average elevation is 518
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meters, a forest ratio of 67% and a protected-area ratio of 28%. Of the selected counties
for the objective of maximizing biodiversity, 28% are metro counties, having an average
elevation of 614 meters, a forest ratio of 72%, and a protected-area ratio of 59%. These
results show that the selected spatial targets for the objective of maximizing economic
impact, which are mainly urban counties with higher economic multipliers, have a lower
elevation, lower forest ratio, and less protected area than those for the objective of
maximizing carbon storage or biodiversity.
The 3 by 3 matrix of panels in Figure 4.5 shows the spatial targets and their
budget distributions among counties under a 50%–50% between the C–B, C–E, and B–E,
where the third objective is maximizing the economic impact, biodiversity, and carbon
storage, respectively. The third objective for all three pairs is weighted at 0%, 25%, and
50% in the figure. When analyzing the patterns of spatial targeting in terms of stochastic
dominance across the three pairs of objectives (or across the three columns of Figure 4.5),
this study generally finds that the more (less) stochastically dominant the pairs are on
average, the smaller (larger) the number of optimal target for funding. For example, the
C–E, B–E, and C–B pairs are in the descending order of ROI-based stochastic
dominance, and thus the corresponding numbers of optimal target counties are in the
ascending order for the C–E, B–E, and C–B pairs, except the C–E and B–E pairs for 50%
weight on the third objective (see Table 4.2).
When analyzing the patterns of spatial targeting in terms of stochastic dominance
across the three weights on the third objective (or across the three rows of Figure 4.5),
this study generally finds that the larger the weight on the third objective, which is more
stochastically dominant than the other two objectives on average, the smaller the number
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of counties targeted for funding (see Table 4.2). In contrast, the larger the weight on the
third objective, which is less stochastically dominant than the other two objectives on
average, the larger the number of counties targeted for funding. The other weight
scenarios generally follow the same pattern for the 75%–25% and 25%–75% weights
among the C–B, C–E, and B–E pairs, where the third objective is weighted at 0%, 25%,
and 50% (see Figures 4.6 and 4.7).
As a sensitivity analysis, this study analyzes the optimization problems after
replacing the cost of the PES with differences in the return to forestland and the return
from urban use as its best alternative opportunity cost. The distribution of the relative
opportunity cost is dictated by the distribution of urban return that is positively skewed.
As a result, the distribution of relative opportunity cost deviates substantially from that of
the return to forestland as the baseline cost of the PES (see Figure S.1), which in turn
results in large deviations in the spatial distributions of relative opportunity cost per
hectare, the carbon ROI, and biodiversity ROI from those using the baseline cost of the
PES (see Figure S.2 and compare with Figure 4.3). Subsequently, the correlations among
the multiple objectives and their statistical distributions change significantly. For
example, the carbon and biodiversity ROIs have a stronger positive correlation (i.e.,
0.89), and the carbon and biodiversity ROIs have stronger negative correlations with the
economic impact ROI (i.e., -0.37 and -0.31) compared with those for the baseline cost of
the PES (0.60, -0.13, and -0.11, respectively). The statistical distributions also change in
that the distribution of economic impact ROI stochastically dominates the distribution of
carbon ROI (p-value < 0.05), which does not stochastically dominate the distribution of
biodiversity ROI (p-value > 0.05).
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All the changes triggered by using the relative opportunity cost alter the multiobjective optimization solutions. For example, the number of optimal target counties
under 50%–50% weight between C–B, C–E, and B–E pairs with various weights on the
third objective, as shown in Table S.1, are considerably different from those using the
baseline cost of the PES (compare with Table 4.2). The sensitive outcome of an
alternative cost of the PES aligns with the expectation from the literature that the CRP
rental rate captures land values based on agricultural productivity, and that increasing real
estate prices and other non‐agricultural land‐use options may throw this delicate
calculation off‐balance (Baker and Galik, 2009). As such, using the relative opportunity
cost as the alternative cost of the PES, instead of the return to forestland, changes spatial
targets and their budget distributions.
Figure 4.8 shows the edge, arc, and tail elasticities of the 3 efficient frontiers for
the 4 pairs of objectives (i.e., C–B, C–E, B–C, and B–E pairs) for 3 altering weights (i.e.,
0%, 25%, and 50% weights) on the respective third objectives. The edge, arc, and tail
elasticities are, respectively, the percentage loss of an objective on the y-axis for a onepercent increase of an objective on the x-axis at the initial weight combinations of 𝛼, 𝛼 ′ ,
and 𝛼 ′′ ; the percentage loss of an objective on the y-axis for the percentage increase of an
objective on x-axis from the initial weight combinations of 𝛼, 𝛼 ′ , and 𝛼 ′′ to the midweight combinations of 𝛾, 𝛾 ′, and 𝛾 ′′ and ; the percentage loss of an objective on the yaxis for the percentage increase of an objective on the x-axis from the mid-weight
combinations of 𝛾, 𝛾 ′, and 𝛾 ′′ to the last weight combinations of 𝜀, 𝜀 ′ , and 𝜀 ′′ in Figures
3.2 and 3.3.
This study examines variability of the edge, arc, and tail elasticities (1) given
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pairs of objectives with assigned weights on the third objective and (2) across different
pairs of objectives given assigned weights on the third objective. Concerning the
variability (1), this study generally finds that tail elasticity is larger than edge or arc
elasticity, implying concavity of the efficient frontiers, given all four pairs of objectives
across all three types of weights on the third objective, except the C–E pair, with a 50%
weight on biodiversity. This finding provides evidence that the increase in an objective on
the x-axis is relatively higher than the loss of an objective on the y-axis when the initial
weight assigned to an objective on the x-axis is relatively lower than the initial weight
assigned to an objective on the y-axis and vice versa.
Concerning the variability (2), the absolute value of edge, arc, and tail elasticities
for the C–E, B–C, and B–E pairs with a 0% and 25% weight on the third objective are all
lower than those of the C–B pair. This suggests that the pairs with a more stochastically
dominant objective on the x-axis (E, C, and E of the C–E, B–C, and B–E pairs,
respectively) relative to the objective on the y-axis (C, B, and B of the C–E, B–C, and B–
E pairs, respectively) yield lower tradeoff ratios than the pair with more stochastically
dominant objective on the y-axis (C of the C–B pair) relative to the objective on the xaxis (B of the C–B pair). This relationship does not hold in the case with a 50% weight
on the third objective, which is likely associated with the fact that the stochastic
dominance relationship between a pair of objectives tails off as the third objective holds
dominantly substantial weight.
Figures S.3 and S.4 in the supplementary material show the edge, arc, and tail
elasticities with alternative ratios of weights (𝛼 = 0, 0.5, and 1) that are used in equation
(1), and those with alternative budget constraints (i.e., 5% and 15% of total required
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budget for enrolling all the eligible forestland in each county among the 231 counties) in
equation (8), respectively. Alternative ratios of weight or budget amounts would only
alter the degree of edge, arc, and tail elasticities but would have little or no effect on the
general patterns of variabilities (1) and (2), as shown in Figure 4.8.
Figure 4.9 shows how much each objective value of the three pairs (i.e., the C–B,
C–E, and B–E pairs) increases or decreases relative to the increase of the third objective
in the form of elasticity when the weight on the third objective is increased from 0% to
50%. For example, 𝜀𝑐𝑒 and 𝜀𝑏𝑒 refer to the percentage of carbon storage and biodiversity,
respectively, that is lost or gained when economic impact is increased by 1% as a third
objective through shifts from 𝛼 to 𝛼 ′′ , β to β′′ , 𝛾 to 𝛾 ′′ , and 𝛿 to 𝛿 ′′ on the frontiers for
the C–B pair in Figure 3.2. Likewise, 𝜀𝑐𝑏 and 𝜀𝑒𝑏 refer to the percentage of carbon
storage and economic impact, respectively, that is lost or gained when biodiversity is
increased by 1% as a third objective through shifts from 𝛼 to 𝛼 ′′ , β to β′′ , 𝛾 to 𝛾 ′′ , and 𝛿
to 𝛿 ′′ on the frontier for the C–E pair in Figure 3.2. Similarly, 𝜀𝑏𝑐 and 𝜀𝑒𝑐 refer to the
percentage of biodiversity and economic impact, respectively, that is lost or gained when
carbon storage is increased by 1% as a third objective through shifts from 𝛼 to 𝛼 ′′ , β to
β′′ , 𝛾 to 𝛾 ′′ , and 𝛿 to 𝛿 ′′ on the frontier for the B–E pair in Figure 3.3. The results show
that 22 of 24 elasticity values reported in Figure 4.9 are negative, which suggest that, in
general, adding a third objective to the existing pair of objectives triggers the tradeoff
relationship between the third objective and one of the objective values in the existing
pair.
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Figures S.5 and S.6 in the supplementary material show 𝜀𝑐𝑒 , 𝜀𝑏𝑒 , 𝜀𝑐𝑏 , 𝜀𝑒𝑏, 𝜀𝑏𝑐 , and
𝜀𝑒𝑐 from the frontiers for the C–B, C–E, and B–E pairs with alternative ratios of weights
(𝛼 = 0, 0.5, and 1) that are used in the equation (1) and alternative budget constraints (i.e.,
5% and 15% of total required budget for enrolling all the eligible forestland in each
county among the 231 counties) in equation (8), respectively. Alternative ratios of weight
or budget amounts would only alter the degree of elasticities but would have little or no
effect on the general patterns of negative elasticities (21 of 24 for the ratio of weight 𝛼 as
0, 21 of 24 for the ratio of weight 𝛼 as 0.5, 19 of 24 for the ratio of weight 𝛼 as 1, 19 of
24 for the 5% budget constraint, and 22 of 24 for the 15% budget constraint) shown in
Figure 4.9.
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Chapter 5: Conclusions
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A growing body of literature suggests a need to incorporate the role of both
correlation- and distribution-related information into conservation investment decisions
with multiple benefits of biodiversity, ecosystem service, and socioeconomic benefits.
This study is the effect of PES using both correlation- and distribution-related
information employing optimization frameworks for three multiple-objective scenarios
(i.e., maximizing forest-based carbon sequestration, maximizing forest-dependent
biodiversity, and maximizing economic impacts). This study applies the optimization
frameworks to 231 counties in the eight states of the Central and Southern Appalachian
Region of the United States. This study identifies optimal spatial targets, their budget
distributions, and the tradeoff relationships, and how they are affected by correlations
among multiple objectives and their statistical distributions.
The findings will be useful for the improvement or modification of PES, such as
the U.S. Department of Agriculture’s Conservation Reserve Program (CRP). For
example, the Environmental Benefits Index (EBI) has been used to rank farmers’ requests
to enroll land into the CRP (USDA Farm Service Agency, 2015). The wildlife habitat and
air quality benefits in the EBI do not directly account for the ecosystem service or
biodiversity used in this study; however, they are appraised through a scoring mechanism
that largely depends on land cover information (USDA Farm Service Agency, 2015).
Specifically, the EBI assigns a higher score to the wildlife habitat benefit if the land cover
filed with the CRP consists of forestland with diverse or endangered plant species or
diverse land covers that are suitable for wildlife habitat, or if more than 51% of the land
cover is located within a designated wildlife priority zone. The EBI assigns higher scores
to the air quality benefit when the risk of wind erodibility, measured by climatic factors
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(i.e., wind speed, wind direction, and duration of wind events) and soil erodibility are
high, and when the land cover is forestland rather than a mixture of diverse land covers
and grassland. Hence, forest-based carbon sequestration and forest-dependent
biodiversity are roughly considered in the EBI.
Although the benefits for ecosystem services and biodiversity are somewhat
accounted for in the EBI’s design, the economic impact is not, as the CRP’s primary
focus is on conservation rather than economic development. Yet, the literature has often
made the case for including the economic impact as part of the EBI’s design, since PES
often functions with multiple objectives, including the promotion of positive economic
impacts (Getzner and Jungmeier, 2002). The findings of correlation- and distributionrelated information would be helpful in introducing the economic impact in the EBI’s
design in the following ways.
First, the negative correlations between economic impact ROI and ROIs
associated with ecosystem service and biodiversity are explained by higher economic
multipliers in urban areas than in rural areas. The finding cautions the careful inclusion of
the economic impact in the EBI’s design, should it be considered. The introduction of
economic impact in the EBI’s design may hinder the original purpose of the CRP and
results in a relatively large budget distribution in urban areas if the objectives of
maximizing economic impact and ecosystem services are not carefully balanced. The
optimally selected 74% of metro counties under the single objective of maximizing
economic impact over the optimally selected 44% and 28% of metro counties,
respectively, for the single objectives of maximizing carbon storage and biodiversity,
reiterate the need for the careful balancing.
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Second, the finding that the optimal budget allocated among the counties more
narrowly in the order of ROI-based stochastic dominance also provides a useful reference
for revising the EBI’s design. Specifically, this study finds that the higher the weight on
the newly introduced objective of maximizing economic impact—whose ROI on average
stochastically dominates the ROIs of the pair of existing objectives (i.e., maximizing
carbon and biodiversity)—the smaller the number of optimal targeted counties for
funding. This finding implies that the target areas selected for the CRP would be smaller
when considering the economic impact in the EBI’s design than without it. Consequently,
the reduction in target areas would raise distributional equity concerns for CRP, as seen
in Wu and Yu (2017).
Third, the findings of linkages between distribution-related information and
tradeoff relationship may be also helpful in incorporating new objectives into the EBI’s
design. With regard to the relationship, this study finds that the pairs with a more
stochastically dominant objective on the x-axis relative to the objective on the y-axis
yield a lower tradeoff ratio than the pair with a more stochastically dominant objective on
the y-axis relative to the objective on the x-axis. Suppose the variable on x-axis is the
newly introduced objective and the variable on the y-axis is the existing objective that is
already taken into account in EBI’s design. As the economic impact ROI is more
stochastically dominant than the carbon ROI or the biodiversity ROI, introducing
economic impact as a new objective would make sense. The reason is that its related
tradeoff relationship is relatively low, which implies that the amount of compromise
needed for carbon or biodiversity for the marginal gain of the economic impact is
relatively low.
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The three main implications of this study suggest assigning positive weight to an
objective that encourages positive economic impact as a new objective in the EBI’s
design for CRP enrollment makes sense. This statement comes with a clear caveat,
namely that the revision of the EBI’s design needs to be undertaken carefully to avoid
unintentional consequences such as a large budget distribution in urban areas and narrow
targeting of areas for funding, both of which may raise distributional equity concerns.
Another caveat I need to emphasize is that this study’s outcome is sensitive to how the
cost of PES is defined (i.e., return to forestland versus relative opportunity cost). Because
the PES rates which are currently widely adopted (e.g., CRP rental rates) do not consider
opportunity cost in their calculation, my baseline model using return to forestland as the
cost of PES makes better sense than the relative opportunity cost used in the sensitivity
test in terms of practical applicability. However, forestland owners may well consider
relative opportunity cost when making their PES enrollment decisions and thus the future
PES rates may need to accommodate the additional decision criterion.
Notwithstanding the implications of this study, it is worth mentioning some
limitations. The benefit data used in the multi-objective optimization were acquired
through multiple empirical models (i.e., TEM, Maxent, and IMPLAN for estimating
forest-based carbon sequestration, forest-dependent biodiversity, and economic impact
triggered by PES, respectively) that were applied to the Central and Southern
Appalachian Region. Extending the modeling to other regions would be helpful in
generalizing the implications. However, using the three models in other areas would be
both challenging and costly, as the benefit estimates acquired through the multiple
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modeling efforts—limited to the Central and Southern Appalachian Region—were
undertaken for two large-scale, federally funded grant projects over six years.
Another limitation of this study is that the optimal solutions obtained from
historical benefit and cost estimates ignore future uncertainty in the estimates, and thus
the distribution-related information and tradeoff relationship do not account for the risks
involved with uncertainties. For example, species may adapt and shift their future ranges
under climate change uncertainty (Van der Putten, 2012), while the economic impact and
the cost of protecting forestland may be influenced by market uncertainty (Bloom, 2014;
Cho et al., 2018). Failing to anticipate the potential risks associated with these
uncertainties adversely affects the accuracies of optimal spatial targets and their budget
distributions in the future. Further studies are necessary to account for the uncertainty in
the benefits and costs of PES due to climate-induced and market-driven uncertainties.
Thus, the optimal solutions and their resulting distribution- and tradeoff-related
information from such studies can be more applicable for future-oriented planning and
conservation decision-making processes than my current study.
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Table 2.1 Summary of the literature that deals with synergistic or tradeoff relationships between ecological and socioeconomic
objectives

Comparing policies

Literature
Narloch et al. (2011)
Lester et al. (2013)
Alix-Garcia et al. (2015)

Single-objective Polasky et al. (2008)
optimization
Wu and Yu (2017)

Optimization framework

Cheung and Sumaila (2008)
Schwenk et al. (2012)
Halpern et al. (2013)
Mönkkönen et al. (2014)
Multi-objective
optimization

Cordingley et al. (2016)
Dhaubanjar et al. (2017)
Cho et al. (2019)
Sabzi et al. (2019)
Soh and Cho (2019)

Ecological objective
Genetic biodiversity
Biomass conservation
Hydrological service
Carbon sequestration
Expected number of species
Environmental benefit
Biodiversity in fishery ecosystem
Conservation of vulnerable
species
Carbon sequestration
Sustaining biodiversity
Conservation score in fishery
Habitat provision
Biodiversity and several
ecosystem services
Environmental deficit
Flood risk
Carbon sequestration
Environmental satisfaction in
water conservation
Carbon sequestration
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Socio-economic objective
Distributional equity
Sustainable fishery profit
Distributional equity
Net present economic value
Distributional equity
Net present value of fishing profit
Employment in fishery
Timber production
Distributional equity
Economic impact by timber revenue
Timber production
Water deficit
Power deficit
Economic impact by PES
Environmental satisfaction in water
conservation
Economic impact by PES
Number of poverty-alleviated people

Table 3.1 Descriptive statistics of input data for weighted-sum, multi-objective
optimization
Variable
Eligible
forestland (a)
Forest return (b)
Required budget
(c)
Forest carbon
storage (d)
Forest-based
carbon
sequestration (e)
Accumulated
species range (f)
Economic
multiplier for net
proprietary
income (g)

Description
Total eligible forestland for each county in study
area (ha)
Annual return to forestland for each county in
study area ($/ha)
Required budget to protect all of eligible
forestland for each county in study area ($):
(𝑎) × (𝑏)
Amount of annualized carbon storage per hectare
for each county in study area (tonne/ha)

Mean
(Std. Dev)
60,167.04
(37,703.46)
4.38
(1.82)
266,800.83
(220,024.58)
14.35
(2.33)

Amount of forest-based carbon sequestration for
each county in study area (tonne): (𝑎) × (𝑑)

866,107.97
(556,323.24)

Accumulated species range from 258 species for
each county in study area (million hectare)

1.36
(0.71)

Economic multiplier from net proprietary income
for each county in study area ($/$)

0.85
(0.34)

Total economic impact estimated by economic
impact from net proprietary income
Economic
233,891.59
(i.e., proprietary income minus economic impact
impact (h)
(233,937.55)
from logging) for each county in study area ($):
(𝑐) × (𝑔)
Note: The currency value is in 2011 US dollar (Source: U.S. Official Inflation Data,
2020)
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Table 4.1 Results of the three single-objective optimizations (i.e., 100% weight on the
forest-based carbon sequestration (C), forest-dependent biodiversity (B), or economic
impact (E))
Forest-based
Forestcarbon
dependent
Economic
sequestration biodiversity
impact ($)
C
B
E
(tonne)
(hectare)
Forest-based carbon
37,828,322
56,852,427
5,013,042
100%-0%-0%
sequestration (C)
(100%)
(76.62%)
(61.06%)
Forest-dependent
31,412,102
74,197,896
5,397,883
0%-100%-0%
Biodiversity (B)
(83.04%)
(100%)
(65.75%)
21,044,244
27,634,799
8,209,705
Economic impact (E)
0%-0%-100%
(55.63%)
(37.24%)
(100%)
Note: The percentage values in parentheses indicate ratio of achieved benefits to the total
maximum attainable benefit from each single-objective optimization
Single-objective
optimization for

Weight scenario
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Table 4.2 Number of optimal target counties under 50%–50% weight between C–B, C–
E, and B–E pairs with various weights on the economic impact, biodiversity, and carbon
storage as the third objective, respectively1
Equally split weights for each pair of objectives
C–B
C–E
B–E
0% weight on third objective
70
46
68
25% weight on third objective
70
65
67
50% weight on third objective
67
68
65
1
C is the objective of maximizing forest-based carbon sequestration; B is the objective of
maximizing forest-dependent biodiversity; and E is the objective of maximizing
economic impact
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Eligible forestland

Figure 3.1 Eligible forestlands in the Central and Southern Appalachian Region of the United
States
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Figure 3.2 Efficient frontiers between forest-based carbon sequestration and forest-dependent
biodiversity or economic impact expressed by percentage of benefit achievement compared
to single-objective maximization for each objective, in accordance with weight for forestbased carbon sequestration (𝑊𝑐 ) and weight for other objectives (i.e., forest-dependent
biodiversity or economic impact) (𝑊𝑏 or 𝑊𝑒 )
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Figure 3.3 Efficient frontiers between forest-dependent biodiversity and forest-based carbon
sequestration or economic impact expressed by percentage of benefit achievement compared
to single-objective maximization for each objective, in accordance with weight for forestdependent biodiversity (𝑊𝑏 ) and weight for other objectives (i.e., forest-based carbon
sequestration or economic impact) (𝑊𝑐 or 𝑊𝑒 )
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Correlation
Coefficient: 0.60

Correlation
Coefficient: -0.13

Correlation
Coefficient: -0.11

Figure 4.1 Scatter plots between ROIs of three pairs of three objectives (i.e., C–B, C–E, and B–E pairs), Dashed lines indicate average of ROI
for objectives on the X and Y axis
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Figure 4.2 Kernel density estimates for ROI of forest-based carbon sequestration, forestdependent biodiversity, and economic impact
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Carbon ROI (tonne per $)

Carbon benefit (tonne per ha)

Biodiversity ROI (hectare per $)

Biodiversity benefit (ha per ha)

Economic impact ROI ($ per $)

Opportunity cost ($ per ha)

Figure 4.3 Distribution patterns of the three ROIs, carbon storage per hectare, biodiversity per hectare, and return to forestland per hectare,
grouped by quintile
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Single-objective
optimization for
maximizing economic
impact (Max E)

Single-objective
optimization for
maximizing forestbased carbon
sequestration (Max C)

Single-objective
optimization for
maximizing forestdependent biodiversity
(Max B)

Figure 4.4 Spatial targets and their budget distributions among counties generated from each
of the three single-objective optimization problems
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Maximizing forest-based carbon
sequestration and forest dependent
biodiversity (C-B pair)

Maximizing forest-based carbon
sequestration and economic impact
(C-E pair)

Maximizing forest-dependent
biodiversity and economic impact
(B-E pair)

0% weight on the
third objective

25% weight on the
third objective

50% weight on the
third objective

Figure 4.5 Spatially optimal budget distributions of equally split weight combinations of C–B, C–E, and B–E pairs when weights on the third
objective are 0%, 25%, and 50%, where the third objective is maximizing the economic impact, biodiversity, and carbon storage, respectively
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Maximizing forest-based carbon
Maximizing forest-based carbon
sequestration and forest dependent sequestration and economic impact
biodiversity (C-B pair)
(C-E pair)

Maximizing forest-dependent
biodiversity and economic impact
(B-E pair)

0% weight on the
third objective

25% weight on the
third objective

50% weight on
the third objective

Figure 4.6 Spatially optimal budget distributions of 75%–25% weight combination from C–B, C–E, and B–E pairs when weight on the third
objective is 0%, 25%, and 50%, where the third objective is maximizing the economic impact, biodiversity, and carbon storage, respectively
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Maximizing forest-based carbon
Maximizing forest-based carbon
sequestration and forest dependent sequestration and economic impact
biodiversity (C-B pair)
(C-E pair)

Maximizing forest-dependent
biodiversity and economic impact
(B-E pair)

0% weight on the
third objective

25% weight on the
third objective

50% weight on the
third objective

Figure 4.7 Spatially optimal budget distributions of 25%–75% weight combination of C–B, C–E, and B–E pairs when weight on the third
objective is 0%, 25%, and 50%, where the third objective is maximizing the economic impact, biodiversity, and carbon storage, respectively
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Figure 4.8 Edge, Arc and Tail elasticity for pairs of objectives, including forest-based carbon
sequestration (C), forest-dependent biodiversity (B), and economic impact (E), with
consideration of the third objective to each pair of objectives by assigning fixed hypothetical
weight for the third objective (i.e., 0%, 25% and 50%)
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Figure 4.9 Third objective elasticities of a pair of objectives (i.e., ε𝑖𝑗 where i and j are an
objective of the pair and third objective, respectively) at between initial weight combinations,
between middle weight combinations, and between last weight combinations for C–B, C–E,
and B–E pairs when the weight on third objective changed from 0% to 50%, where forestbased carbon sequestration (C), forest-dependent biodiversity (B) and economic impact (E)
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